A methodology to model high-frequency bus lines is proposed and a realistic event-simulation model for such a line in the Netherlands is presented. This simulation model helps policy makers to predict changes that have to be made to bus routes and planned travel times before problems occur. With this model, different passenger growth scenarios can be easily evaluated. The model is validated using different key performance indicators, showing that under some model assumptions, it can realistically simulate real-life scenarios. The simulations workings are illustrated by a case study of passenger growth.
I. INTRODUCTION
In all metropolitan areas, people rely on buses as a means of transportation. Commuters increasingly use public transport to get to or go from their work or study location in these areas. This puts a high strain on bus companies to provide a reliable and frequent service, especially during rush hours.
The procession of buses is easily disrupted by different factors, such as congestion, traffic lights, open bridges and passengers boarding or alighting the bus. This causes delays, which may lower passenger satisfaction and inefficient use of material due to the uneven spacing of buses over a route, which causes uneven spreading of passengers.
This work aims to create insight into these disruptions, by illustrating the effect of one of these factors, the boarding and alighting of passengers, on a high-frequency bus line between the cities of Leiden and Zoetermeer. This bus line is exploited by the Arriva bus company in the Netherlands. It is shown that a combination of agent-based and discrete-event models using the AnyLogic simulation tool 1 are a suitable approach to visualize this bus line and create a better comprehension of frequently occurring problems. The number of passengers is modelled and can be configured to analyse several passenger growth scenarios. The effect on different key performance indicators (KPIs) can be measured in such experiments. This paper is structured as follows: In Section II, the problem is defined and common domain terminology is introduced to gain a better understanding of the issues involved. Secondly, in Section III, related work is looked into. In Section IV, the 1 Anylogic Multimethod Simulation, http://anylogic.com modelling choices that are made are discussed. Thereafter, in Section V, the discussed model is validated and a case study of passenger growth is discussed. Finally, in Section VI, we conclude this work and possible future perspectives are briefly discussed.
II. PROBLEM DESCRIPTION
To provide a better understanding of the problem, in this section, some definitions are given and common characteristics for service quality and reliability is introduced.
A. Preliminaries
A group of bus lines can be seen as a graph G = (V, E), which is a combination of a set of stops V = {v 0 , v 1 , v 2 , . . . , v n } and a set of route segments E ⊆ V × V . A stop v i is a designated place at which passengers can alight or board the bus.
We define P to be the set of all possible bus trips:
A bus trip p ∈ P of length n can then be seen as an ordered sequence of n + 1 stops, where there exists a route segment e i ∈ E from every stop v i to its subsequent stop v i+1 .
We call stops v 0 and v n terminals. At these stops, the bus changes trips. Figure 1 shows a schematic overview of a trip. Between stops, the bus drives these specific route segments. The time that each segment e i takes is called travel time (T T i ). Travel time is measured between departure at stop v i−1 and arrival at stop v i , which is the time it takes to travel segment e i .
Bus lines can either consist of a single trip in which the start terminal is the same as the end terminal v 0 = v n , or two trips in roughly opposite directions v 0 = v n .
Furthermore, stops are defined by a GPS radius. This GPS radius is roughly 35 metres. The time the bus spends within the radius of stop v i is known as dwell time of stop v i (DT i ). Within this GPS radius the bus stops to let passengers board or alight the bus. Doors open within a stop's GPS radius. 
B. Problem definition
To create a reliable bus line there are some important factors that have to be optimized. In this work, the R-net 400 bus line is simulated, whilst giving insight into some of these factors. Two main components of customer satisfaction are waiting time and seat availability [1] .
An important indicator affecting both waiting time and seat availability is bus punctuality. Optimal punctuality provides the shortest waiting times and best occupancy of the busses, given that the bus schedule is optimal. Punctuality is usually seen as being on time. Punctuality shifts are caused by any deviation from the scheduled arrival time at a stop. In this paper, the term punctuality is used as the inverse, so that an increase in punctuality defines a larger deviation from the schedule. This can be calculated for a single stop, or all stops of a line. For a stop v i , the average (departure) punctualityP i on a trip p can be defined as follows:
where: Other important indicators include bus occupancy and regularity. These KPIs are included in the simulation, however, for the brevity of this paper further discussion on these measures is omitted. For the full discussion see the pre-print version 2 .
These measures focus on the supply side, with the assumption that there is a certain arrival pattern of travellers. We return to this assumption later. The issue of optimizing customer satisfaction is a manifold problem involving the optimization of waiting time, and seat availability. This means that KPIs needs to be optimized under the constraints of the number of buses, seat capacity, travel time and dwell time. These constraints are correlated and again dependent 2 arXiv:1704.05692 [cs.AI], http://arxiv.org/abs/1704.05692 on external factors such as number of passengers and traffic conditions. By giving insight into the defined KPIs show that we create an understanding of this complex process.
III. RELATED WORK
For modelling a dynamic system, such as our bus line, several methods exist in literature.
A. Discrete-event models
A discrete-event simulation for dynamic transit operations has been introduced in [2] . This model is built on top of a mesoscopic traffic simulation, which allows modelling of operation dynamics. It is used to design control strategies for high-frequency bus lines such as in our work. One downside of their approach is the lack of a definition of microscopic behaviour and a centralized approach. Global behaviour is defined by flowcharts, typically with stochastic elements [3] .
The difference with agent-based simulation is that microlevel entities have no 'intelligence' so their aggregate behaviour is pre-defined. Our model incorporates this global specified behaviour of the system, but also combines this with decentralised specified behaviour of individual actors within the system.
B. Agent-based models
Agent-based modelling is used previously to model passengers' behaviour, when choosing for public transport and the effect of infrastructure investments and policy changes [4] . Here agents base their individual decisions on cost, time, convenience and social norm. The simulation investigates passenger departure time and choice of transport. This model, however, is mostly passenger based and investigates their choice for public transport, where our method looks into the effect on one specific bus line.
Furthermore, agent-based models are used to examine the effect of bus rapid transit measures such as bus lanes and bus priority systems [5] . A comparison of design measurements is made under static passenger amounts. It is shown that several design measurements decrease passenger waiting time and travel time. Our work, however, focusses more on the dynamic passenger numbers in a static environment.
C. Multi-model approaches in other domains
The combination of discrete-event simulation and agentbased modelling is created in our work using the AnyLogic tool. With this tool, several models have been created in different fields, for example for the analysis of power and performance of data centers [6] , the outbreak response of immunization [7] and airport checkpoint pedestrian flow [8] .
In these systems, using discrete-event simulation, the evolution of the changing system over time is captured. At the points in time where events occur, behaviour is defined by individual agent behaviour. This creates a hybrid model. These models show that capturing the complexity of a real-life situation in a model, whilst keeping model simplicity, sometimes requires a combination of different paradigms. Therefore this multimodel approach is also used in our work.
IV. METHODOLOGY
In this section, the modelling choices made and how they are implemented are described. A global overview of the model is given first. Secondly, the modelling of passenger growth is discussed. Thereafter, the visualization of the model is explained and some of the model assumptions are discussed.
A. Base model
We start out by creating a model for simulating a regular working day. Bus routes are drawn on a map using the stop coordinates of the specific trips and defined segments in between them. This simulation is set to run a working day, starting at 5:00 AM, ending at 1:00 AM the next day. Within this time frame, all daily trips on this line take place.
Buses are generated with discrete-event simulation. Generation time is based on the bus' schedule. Buses are placed at the coordinates of the first stop.
Passengers are then generated by the discrete-event simulation. The origin-destination (O-D) distribution and number of passengers that have travelled with specific trips can be extracted from the data. On high-frequency bus lines such as the R-net 400, passenger arrival rates usually follow the Poisson distribution [9] , [10] . Using this assumption, we also know the time at which passengers can be generated.
Buses and passengers are generated as agents and act according their own set of rules. The two main type of agents that are defined are buses and passengers. However, for convenience, a bus stop agent type is also created. An agent's behaviour can be as simple or complex as we define it to be. This allows to create helper agents, such as bus stops, to interact with other agents. Agent behaviour is specified using state chart diagrams, resembling the real life behaviour of the objects represented. Each state and transition in these diagrams is additionally programmed to follow certain behavioural rules. These rules are described in more detail in the following.
1) Bus agent: After bus agents are generated, bus agent's behaviour is specified in the form of a state chart diagram in Figure 2 .
The blocks are programmed to the following rules:
• Holding: if the bus is at the initial stop of the trip, the bus is held until the scheduled departure time of that trip. After that, from the historical departure distribution for that trip, a value is drawn. The bus will then depart, according to that drawn departure time, from the first stop. If the bus is at any other stop, the holding state is not used. • (Un)loading: if not at the initial stop, the bus, depending on passengers, will simultaneously load and unload passengers. At the first stop, the bus will only load passengers and at the last stop, the bus will only unload. In these steps, the bus agent interacts with passenger agents. A message is first send to passengers currently travelling on the bus. If the stop is at any of the passengers' destination, the bus will unload them. A message is also send to the passenger agents waiting at the specific stop, through the mentioned stop agent. The bus will sends a message containing the number of passengers that can be loaded. Then, the stop agent sends a message to a number of passenger agents at the stop, telling them to move to the boarding state. The time it takes to load and unload passengers is determined by a linear model. The determination of the coefficients of this model is discussed later in this section. • Moving: after loading and unloading, the bus is moving from one stop to the next. The time this takes is drawn from the historical distribution of travel times for that specific trip. Just before departing, the bus will send a message to all passengers that are travelling on the bus, so that passengers that boarded can change states. 2) Passenger agent: Passenger agents are the other main agent type in the model. Passengers are generated and have their origin and destination stored. The point at which they appear on the GIS map is at their stop of origin. Passenger behaviour is described in Figure 3 .
The following states are identified: at that stop. Since multiple passengers may wait for the bus, a FIFO queue of passengers is held by the helper agent, called the stop agent. Its main action is to queue passengers and to release a number of passengers from the queue. This is done after a message is received from a bus agent, that it arrived at that stop, including the number of passengers that could board. • Boarding: When the bus arrives, the queue is (partly) emptied by the stop agent and the passenger is boarding the bus. • Travelling: When the last passenger at the stop is loaded or the bus is full, all passengers on the bus get a message from the bus that it enters the moving state. This is a signal for the passenger to move to the travelling state. • Alighting: Once the bus has arrived at a stop, all passengers on it receive a message from the bus that it has arrived and if this is a passenger's destination stop, the passenger moves to the alighting state. • Arrived: After the passenger has alighted, it is at its destination and can leave the system.
B. Passenger growth
To simulate passenger growth, the effect of passenger growth on total time travelled has to be determined. Total travel time between terminals is the sum of travel times and dwell times between stops
Dwell time is defined as the time spent within the GPS radius of a stop, including door open time. Dwell time is a combination of a part that is driven within the radius and a part that is stopped in the radius. We formulate dwell time as the sum of door open time and add a value randomly drawn from the historic distribution when no passengers got into the bus at this stop. This distribution holds information about actual drive time of the GPS radius.
This combines to Equation 3
where: . Factors are determined by ordinary least squares linear regression (R 2 = 0.69). For most stops, the difference in parameters of the regressors are minimal, which is why we choose to use a single linear model for all stops. The exceptions are the terminal stops at which we just sample from the historical departure time.
To show that the model can be used to analyse cases with a change in the number of passengers, an Excel spreadsheet in which the increase or decrease of passengers can be stated is created. This can be specified for each direction of the route. Moreover, if we really want to be specific, it can be narrowed down to scheduled trips and stops. This way, different predictions on passenger growth can be easily evaluated and their effect on several KPIs will become apparent. This is useful, since there might be cases where some stops may have a larger growth, e.g. due to a new company close to the stop. These passengers may also travel specifically to another stop or spread out over the subsequent stop according to the historical distribution. These factors alter the underlying O-D matrices on which the generation of passengers is based. By making these options available in an easy to use manner, policy makers are able to analyse different scenarios and make solid conclusions about passenger growth.
C. Visualization
The model is visualised using AnyLogic in the simulation where each modelled agent can be seen on a geographic (GIS) map, based on OpenStreetMap 3 . This simulation runs a single working day and the user can specify the speed of the simulation between 1 4 -th of real-time and 500× real-time.
This visualization allows policy makers to see in detail the effects that some of their policies have and where problems might occur. Main indicators that can be seen are: punctuality, occupancy and regularity. For each of these indicators, an overview can be seen per stop. Moreover, a detailed view for each of the stops can also be viewed to show behavioural trends during the day. Furthermore, the average number of passengers, dwell time and travel time per stop are shown.
D. Model assumptions and limitations
For our passenger growth model, we allow to specify a certain growth percentage on different stops or even different trips. However, we do not allow to specify growth between different times of days, other than specifying growth for several specific trips. Some passengers may change their behaviour according to several factors. If certain bus trips approach their capacity limit, some of the passengers may change their mode of transportation or the time of day at which they travel. These effects are hard to account for, and more research is needed to see whether this may actually happen and at what scale.
Some assumptions of our travel and dwell times calculation are made. As mentioned, travel times are only dependent on the specific trip and no dependence between subsequent trip segments or trips is modelled. In reality, there is a strong association between travel times of subsequent trips and also of trip segments. If we want to model this assumption by drawing from the historical distributions we do not have enough data. To do this we would have to create a general travel time model. This is unfortunately very difficult as many external factors contribute to travel time which are not all captured within (public) data sources.
Another assumption that is made is that dwell time is mainly determined by the time the door opens. The deceleration and acceleration of the bus are assumed to be negligible factors, but in fact they are contributing to dwell time. Moreover, the bus may still accelerate or slow down outside the GPS radius of the stop, which may be represented within travel times. Also, the door open time is linearly determined by the number of check-ins and check-outs. There is a quite high variability between passengers which we did not account for. This variability may have different causes, such as passenger behaviour, bus driver behaviour or the layout of the stop. We could also think that the time of day may affect passenger behaviour as commuters during rush hour may be more hastily than passengers off-peak. We did not take this into account.
V. EXPERIMENTS
Several experiments are carried out to analyse and validate our model. First, the base model is validated using numerical analysis. Thereafter, a passenger growth scenario is simulated and its effect is shown.
A. Model validation
First, metrics of the base model are compared to numerically calculated solutions. The most important factors are travel time and dwell time as they affect all KPIs directly. Since travel time is sampled from the historical distribution, dwell time mainly determines the derivation from numerical solutions. Since punctuality is a direct result from dwell time and travel time, differences between punctuality calculated from the model and the data are an indicator of model correctness. Comparisons made are based on means taken over 100 simulation runs versus means computed from the data.
For punctuality, means over all stops are calculated. This is shown in Figure 4 by trip id in both directions. Trip ids are incremental over the day. Punctuality here is defined as the deviation from the scheduled departure time in seconds. What can be observed from this figure is that punctuality does follow the same general trend as the data over the day, but when looking at the level of individual trips, some variation between the simulation is seen. In general, punctuality is overestimated. This is something that has to be taken into account when interpreting the model.
Differences between punctuality from the data and the model happen mainly due to the variations in dwell time. However, another factor is at play, which is the departure punctuality at the first stop of the trip. Since the bus departs there, departure punctuality is sampled from the data just like travel time, if the bus is early. This is because the linear model does not apply directly for this first stop as many other factors, such as bus driver behaviour, influences dwell time here. Some bus drivers choose to load passengers earlier than others. There is too much variance when the bus is too early. This method does however cause an offset in departure punctuality at the first stop in both directions.
What policy makers can gain from this figure is a general trend over the day. There are high peaks during rush-hour (which can be identified, since trip id's are incremental by time of day), but also there seems to be a peak in both directions somewhat later in the evening.
B. Use case: passenger growth
Now that the base model is validated, a realistic scenario is simulated using the model. Using a general input format allows a policy maker to easily simulate all possible passenger growth scenarios, varying specific stops, trips or directions at which the growth takes place. The first scenario simulates a 10% passenger growth on this specific bus line in both directions. This is a realistic scenario as last year a growth of 16% of passengers is already realised by this specific line 4 . The Excel spreadsheet is configured to set a growth percentage of 10%, independent of direction, stop or trip and the effect on punctuality is shown in Table I The punctuality measure increases at almost every stop in both directions. Dwell time increases linearly with the passengers due to passengers boarding and alighting. As every stop has a 10% increase in passengers, punctuality suffers more and more. On some stops this has an even larger effect due to a larger absolute increase of passengers. Delays propagate throughout the rest of the trip. This is of course under the assumption that the bus driver can not drive any faster to make up time.
VI. CONCLUSIONS AND OUTLOOK
In this work, a hybrid agent-based and discrete event simulation model for a high-frequency bus line for the Arriva bus company is developed. This multi-method approach can simulate an interacting environment of buses and passengers, based on historical data.
Passenger growth can easily be analysed using the simulation and the effect on performance indicators can be shown in a visually easily understandable manner. It is shown that with only a 10% increase of passengers on all stops, average punctuality suffers by several seconds. Being able to easily configure such scenarios helps policy makers to predict future possible bottlenecks.
The main limitation of the model is the prediction of dwell times using the current available data. The number of passengers is a limited predictor of dwell time as other factors such as acceleration, deceleration of the bus, bus stop layout and bus driver behaviour all affect dwell time. Furthermore, travel time is a composite statistic based on many factors, such as traffic lights and traffic situations. To actually predict these factors instead of drawing travel time from historical data would improve the model's predictive power.
Foreseeable extensions to the model are the addition of multiple bus lines and the integration of additional data. Passengers changing bus lines would be an important factor in that extension. The best allocation of buses over these bus lines, based on passenger demand can be found through that extension.
